Although the semi-arid region of Brazil appears to be homogeneous due to drought conditions, there is a great deal of variability in climatic elements in the region, so that the definition of homogeneous regions will provide the deployment of measures appropriate for each locality. However, the limited information on climatic parameters in the region makes it difficult to define these regions. This problem can, however, be alleviated by the use of entropy theory. Therefore, this study aimed to investigate the potential of the theory to identify hydrologically homogeneous regions for conditions of the semi-arid region of Brazil. Entropy-based Disorder Index (DI) data were computed, based on monthly precipitation and monthly water balance (precipitation -reference evapotranspiration) for 290 gauge stations. For defining homogeneous regions, cluster analysis was utilized, using the data on geographical information about rain gauges (latitude and longitude), annual precipitation, annual water balance, coefficient of skewness, coefficient of kurtosis and DI. The identification of homogeneous regions in the Brazilian semi-arid region was only possible when the grouping of stations was performed, based on DI for precipitation and latitude. Results showed the definition of seven homogeneous regions in the semiarid region of Brazil.
Introduction
Improper water use creates environmental, social, economic, and political problems, and calls for implementing measures for improved water management strategies. Knowledge of the spatial variability of climatological and hydrological parameters will help the rational use of water resources. Because of the scarcity of natural water reserves, analysis of climate variability becomes even more important in arid and semiarid regions. Spatial variability of hydrological response of regions can be oriented to the delimitation of homogeneous hydrological regions (Solín and Polacik 1994) . Rajsekhar et al. (2013) reason that the identification of these regions is the first step for a regional univariate or multivariate drought analysis.
Homogeneous regions are defined as areas that have similar hydrologic responses, i.e. defined as a group of stations with similar probability distribution functions of climatological and/or hydrological parameters. Thus, for a given homogeneous region, records may be extrapolated more accurately (Nathan and McMahon 1990) , and similar water management schemes can be developed for drought planning (Rajsekhar et al. 2013 ) and agricultural production planning.
Identification of homogeneous regions is important for the analysis of climate and/or hydrological variables. However, in developing countries and in underdeveloped countries, one of the main problems is the lack of data or the data not being of a good quality. Small sample sizes and limited information render estimation of probability distributions of system variables with conventional methods quite difficult. This problem can be alleviated by the use of entropy theory which enables determination of the least-biased probability distributions with limited knowledge and data (Singh 2000 . Entropy expresses a measure of the amount of uncertainty represented by the probability distribution (Singh 1997 (Singh , 2013 . Entropy theory, therefore, provides a natural way for determining risk associated with an environmental or a water resources system, and can serve as a basis for risk and reliability analysis (Singh 1997) .
Several studies have used entropy theory to ascertain the variability of climate parameters or define homogeneous regions. Elsner and Tsonis (1993) applied entropy theory to analyse short-term precipitation records. Their results indicate that it is possible to determine different regions in the United States by their precipitation complexity. Mishra et al. (2009) used entropy to examine the spatial and temporal variability of precipitation for the state of Texas, USA. Rajsekhar et al. (2013) used entropy theory to identify homogeneous regions in the state of Texas based on drought severity and duration, estimated using the Variable Infiltration Capacity (VIC) model. Kawachi et al. (2001) applied entropy theory to evaluate the degree of variability of rainfall in Japan, generating maps of water availability in order to assess the distribution in the continental part of the country. Sohoulande Djebou et al. (2014) used entropy theory to address precipitation variability in time and space in the southwestern United States.
Although several investigations on the identification of homogeneous regions, based on entropy theory, have been widely realized in many countries around the world, in the semi-arid region of Brazil this does not seem to have been done. Sousa et al. (2012) used entropy to produce spatial patterns that led to a better understanding of rainfall characteristics all over Paraíba state, which is covered by a semiarid region. Ledo et al. (2012) also analysed with the entropy method the spatial and temporal variability of rainfall in the basin of the Upper Jaguaribe (municipality included in the Brazilian semi-arid region) in the state of Ceará. Guedes et al. (2010) represented, by entropy, randomness of the intensity and occurrence of monthly rainfall in northeast Brazil, and results showed a perfect configuration with the Koppen climatic types.
The semi-arid region of Brazil covers 11.4% of its territory, being about 89.5% located in the northeast region, and the remainder in the Minas Gerais State. This is one of the most populated semi-arid regions with 22 million habitants, representing 11.8% of the Brazilian population (IBGE 2010) and over half (58%) of the country's poor (MI, 2014) .
The semi-arid region of Brazil, with shallow soils, intermittent rives, scarce groundwater and usually salty because of the prevailing crystalline bedrock (Malveira et al. 2012) , is very vulnerable to water scarcity. The annual average precipitation in the region is about 800 mm (Nys and Engle 2014) , which is highly variable in space and time (Silva 2004) , with the rainy season being centred in only a few months per year -about 3-4 months (De Silva 2004 , Mocati and Gan 2007 , Hastenrath 2012 , Nys and Engle 2014 . According to Mocati and Gan (2007) the number of days with heavy rainfall is observed to be larger in the south of the semi-arid area than in the north. The high evaporation rate also is responsible for the inadequate supply of water to the area, where the annual potential evapotranspiration can go up to 2000 mm (Magalhães et al. 1987, Montenegro and Ragab 2012) . Although it rains as much as in many other areas of the world, this semi-arid region is periodically affected by drought (Silva 2004) . The irregularly recurring severe droughts are led by the El Niño phenomenon (Kane 1997 , Döll and Hauschild 2002 , Krol and Bronstert 2007 , Cavalcanti 2012 , Hastenrath 2012 .
Droughts have been reported since the sixteenth century (Magalhães et al. 1988 ). Between 1950 , drought occurred in 1951 -1953 , 1958 , 1970 , 1979 -1983 , 1987 , 1990 -1993 , 1998 , 2007 (Rao et al. 1995 , Kane 1997 , Lemos 2007 , ANA and CGEE, 2012 , Gutiérrez et al. 2014 ). Recently (2010 , in this region, an intense and prolonged drought occurred that has been one of the worst in the past 100 years (Ceará 2013) . This recent drought caused a lack of drinking water in residential cisterns and left dams and streams completely dry, as well as devastated some agricultural production and livestock, that led, as a consequence, to the lack of food for people living there. This has sparked a new round of discussions to improve drought policy and management at the federal and state levels, making it important to recognize the heterogeneity and local context of each municipality and community, and to come up with context-specific solutions for access to water for human consumption, agriculture, animal grazing and food security (Gutiérrez et al. 2014) .
According to Pereira and Baracuhy (2011) , due to the drought conditions, the Brazilian semi-arid region appears to be homogeneous, but there are physical and climate differences where the environment presents a complex reality in the region. This diversity is observed in economic activity, as some regions support only traditional crops for subsistence under rainfed conditions and other areas have modernized, irrigated agriculture for export. Therefore, this study aimed to investigate the potential of entropy theory to identify hydrologically homogeneous regions for conditions of the semi-arid region of Brazil. The identification of these regions will permit basing water management decisions, and other measures of a social nature such as health programs, on the reality of each location of the Brazilian semi-arid region.
Methodology

Study area and data utilized in the study
According to official data from the Brazilian Ministry of National Integration, the semi-arid region of Brazil covers an area of approximately 969 589 km 2 and comprises 1133 municipalities across nine states (MI 2005) : Alagoas, Bahia, Ceará, Minas Gerais, Paraíba, Pernambuco, Piauí, Rio Grande do Norte, and Sergipe (Fig. 1) .
For rainfall data, this study utilized 290 pluviometric stations, which are part of the hydrometeorological network of the Brazilian National Water Agency (ANA). Data on temperature, relative humidity, wind speed, evaporation, solar radiation, and atmospheric pressure were obtained from 60 weather stations operated by the National Institute of Meteorology of Brazil (INMET). Locations of the pluviometric stations and the weather gauging stations are shown in Fig. 2 . The period analysed was from 1993-2002. In the semi-arid region of Brazil, various atmospheric systems can occur, such as the intertropical convergence zone, frontal systems, the breezes from the east and cyclonic vortices (Moulin 2005) . Hence, apart from rainfall, the use of other explanatory variables for characterizing a drought event may provide a better understanding. Among others, consideration of the water balance between rainfall and evapotranspiration is an important factor to check, provided there is enough water for domestic consumption in the semi-arid region. Therefore, deciding on one of the meteorological variables is essential to the development of a region.
For the calculation of reference evapotranspiration we used the Penman-Monteith equation described in the publication FAO 56 (Allen et al., 1998) . The reference evapotranspiration was calculated for each weather station and the data were spatially extrapolated throughout the semi-arid region using the kriging method in the ArcGIS program. The reference evapotranspiration was obtained in the locality for each associated rainfall station. The water balance was obtained by the difference between daily rainfall and daily reference evapotranspiration at each of the 290 rain gauging stations.
Based on daily water balance data for each location, we estimated monthly water balance.
Gaps in daily data, that occurred in the records, were filled by the inverse distance weighted (IDW) method (Di Luzio et al. 2008 ) based on the three nearest stations. Then, gaps in data on monthly average rainfall and monthly water balance were filled.
Entropy theory
The entropy concept, defined by Shannon (1948) , was applied to monthly precipitation and monthly water balance data obtained for the location of each rainfall station. Assuming that the occurrence probability of an i-th event is referred to as P(x i ) = P i , the average uncertainty/entropy (H) associated with n events can be defined as:
where n is the number of discrete intervals for events (monthly precipitation, monthly water balance), and P i is the probability associated with bin i. Entropy (H) can be measured in "bits" and is finite and positive. If the probability of occurrence of events in equation (1) is also the same, the uncertainty associated with the occurrence of events should be maximum. In this case the variable will have maximum entropy. On the other hand, if the probability of one event equals 1 and the other events are likely null, uncertainty and entropy must be equal to 0. Entropy-based disorder index (DI) has been used for assessing the entropy based precipitation variability. Mishra et al. (2009) DI is the difference between the maximum entropy value (H max ) and the computed entropy value at a specific rain gauge (H). It then quantifies the extent of disorder in a series. DI is estimated as:
The maximum entropy is the entropy value of a scenario of uniform precipitation distribution (Mishra et al. 2009 ). A high value of DI indicates higher variability. For each station, the bin width was identified by dividing the time series range by the number (N) of bins. By applying the formula N = 1 + 3:3 Â log(Sample size), proposed by Sturges (1926) , the precipitation and the water balance series were found to have N = 8 bins, given that the sample size at each station was 120 (12 months/year Â 10 years). The absolute frequency corresponding to each bin was used to generate 8 discrete probabilities such that P i = 1 (i = 1,. . .,8).
Application of cluster analysis for identifying regional homogeneity
Cluster analysis has been successfully used to identify homogeneous regions (Lin and Chen 2006 , Rao and Srinivas 2006a , Kahya et al. 2008 , Ahuja 2012 . Cluster analysis is a standard method of statistical multivariate analysis that can divide large and complex datasets into many groups, where members of a group share similar characteristics as far as possible and different groups are dissimilar as much as possible (Rao and Srinivas 2006a) .
For the application of cluster analysis, the choice of dissimilarity measure, clustering method and variables have a significant influence on the results (Stooksbury and Micheals 1991 , Fovell and Fovell 1993 , Farsadnia et al. 2014 .
The Euclidean distance, frequently used in clustering algorithms (Chiang 1996) , was used as a dissimilarity measure. According to Gong and Richman (1995) , 85% of investigators applied this measure in their study. The Euclidean distance represents a distance among different attributes, expressed as
where p and q are two points in Euclidean m-space (two stations p and q) with attribute i (uncorrelated variables). The method of hierarchical clustering analysis, proposed by Ward (1963) , was used because this method with the squared Euclidean distance aims to join clusters such that the variance within a cluster is minimized (Everitt 1993) .
According Satyanarayana and Srinivas (2008) , when largescale atmospheric variables affect precipitation in a region, attributes of location (latitude, longitude and altitude) are suggested as features for regionalization by cluster analysis, and the delineated regions are independently validated for homogeneity when using the L-statistics of the observed precipitation. As various atmospheric systems can occur in the semi-arid region of Brazil, the geographical information can be an important variable to identify homogeneous regions in this area.
Modarres (2010) ascertained, in the Isfahan Province in Iran, that the maximum of the annual maximum dry spell lengths observed is strongly related to the higher order statistics (coefficient of skewess-C s , coefficient of kurtosis-C k , LC s and LC k ). Therefore, the use of the C s and C k can improve the identification of homogeneous regions in the Brazilian semi-arid region.
Thus, the data used to perform clustering are: geographical information about rain gauges (latitude and longitude), annual precipitation, annual water balance, C s , C k , and entropy-based DI. The last three variables were estimated based on monthly data of precipitation and monthly water balance. Also used was a linear combination of C s and C k , which was estimated based on the principal component analysis (PCA). The PCA reduces the dimensionality of multivariate data by transforming the correlated variables into linearly transformed uncorrelated variables. Table 1 shows the combination of the data used in each application of cluster analysis to identify homogeneous regions.
Fuzzy C-Means clustering
Although clustering enables the subdivision of one region into groups, many times these groups do not meet the statistical requirements necessary for revision of the process in order to verify discordant sites. As one site can contribute to two or more clusters at the same time, the Fuzzy C-Means clustering algorithm (FCM) is a method that permits the estimated degree of membership of each site into a cluster, which contributes to achieving the corrected final clusters. This reduces the amount of subjective judgment and complexity of deciding which site(s) can be moved from/to a region or different regions (Sadri and Burn 2011) . The FCM algorithm has been applied for homogeneous regions identified in several studies (Hall and Minns 1999 , Rao and Srinivas 2006b , Sadri and Burn 2011 , Farsadnia et al. 2014 . The detailed methodology of FCM is shown by Bezdek (1981) .
The FCM attempts to find the most characteristic point in each cluster, which can be considered as the "centroid" of the cluster and then, the grade of membership for each object in the cluster. Such an aim is achieved by minimizing the objective function:
where n is the total number of patterns in a given dataset; c is the number of clusters; X = {x 1 , x 2 , . . ., x n } ϵ R s and V = {v 1 , . . ., v c } ϵ R s are the feature data and cluster centroids; U ¼
The fuzzification parameter is a weighting parameter controlling the amount of fuzziness in the process of classification. When m = 1, the partitioning becomes hard, but as m increases the membership assignment of clustering becomes more fuzzy. According to Hathaway and Bezdek (2001) m = 2 is widely accepted as a good choice for the fuzzification parameter.
The cluster centroids and the respective membership functions that solve the constrained optimization problem in (4) are given by the following equations:
; 1 i c; 1 j n (5)
Equations (5) and (6) constitute an iterative optimization procedure. The goal is to iteratively improve a sequence of sets of fuzzy clusters until no further improvement in Minimize J(U, V) is possible. The degree of membership of site i into the cluster is the distance of site i to the centroid of the cluster.
Statistical measures for homogeneity tests
After the simulations conducted with the cluster analyses, a total of 4, 5, 6, 7, 8, 9 or 10 groups were obtained in the semiarid region, and for each simulation, a dendrogram was obtained. Based on these dendrograms, a spatial representation was made of the groups of stations which formed. Then, it was possible compare the groups obtained with the spatial variation of precipitation and water balance in the semi-arid region. These analyses (spatial, together with the analysis of statistical measures) allowed us to compare and modify the clusters to obtain the best number of clusters that represent homogeneous regions in the semi-arid region. The statistical measures used are described now in sequence. C s(WB) (based on monthly water balance) C k(P) (based on monthly average precipitation) C k(WB) (based on monthly water balance) Linear combination -LC -(C s(P) + C k(P) ) Linear combination -LC -(C s(WB) + C k(WB)) C s(P) + Latitude C s(WB) + Latitude C k(P ) + Latitude C k(WB ) + Latitude LC -(C s(P) + C k(P) )+ Latitude LC -(C s(WB) + C k(WB)) + Lat C s(P) + Latitude + Longitude C s(WB) + Latitude + Longitude C k(P ) + Latitude + Longitude C k(WB ) + Latitude + Longitude LC -(C s(P) + C k(P) )+ Latitude + Longitude LC -(C s(WB) + C k(WB) )
+ 
Discordancy measure
The discordancy measure, D i , is used to assist in identifying those sites whose L-moment ratios are discordant (markedly different) relative to the L-moment ratios for the collection of sites. The discordancy measure is calculated based on a vector
4 related to sample L-moments of site i, τ 2 is a measure of scale and dispersion (LCv), τ 3 is a measure of skewness (LCs) and τ 4 is a measure of kurtosis (LCk). D i is defined as:
where N is the number of sites in the group. In general, sites with D i > 3 are considered discordant. For each cluster, the D i in each site was ascertained, and if D i > 3, that site was removed from the cluster and moved to the next cluster which had the highest membership. Moving of discordant sites continues until that site is no longer discordant. Sites that get introduced in clusters and stay discordant at all stages, including the last stage, were permanently removed from the group of sites.
Heterogeneity measure
The homogeneity of regions, so obtained, was tested using L-moments. This tests aim at estimating the degree of heterogeneity among the group sites and then assessing whether it is reasonable to treat a group as homogeneous or not. Specifically, the extent of heterogeneity compares the variation of sample L-moments with L-moments simulated by a theoretical distribution. Hosking and Wallis (1997) suggested the Kappa distribution as a theoretical distribution. The heterogeneity measures are named H 1 , H 2 and H 3 which are related to L-C v (sample of L-coefficient of variation), L-C s (sample of L-coefficient of skewness) and L-C k (sample of L-coefficient of kurtosis), respectively.
The heterogeneity measure (H) was given as:
where V is the weighted standard deviation of L-C V or L-C s or L-C k at the site; µ v is the mean; and σ v is the standard deviation of the values of V. The values of H should ideally be less than 1 for the regions to be considered as acceptably homogeneous, and between 1 and 2 to be considered as possibly homogeneous. If the value of H is greater than or equal to 2, the region is definitely heterogeneous. Hosking and Wallis (1993) observed that the high level of natural variability in sample values of L-skewness and L-kurtosis result in the H 2 and H 3 measures with lower discriminatory power between homogeneous and heterogeneous regions, whereas H 1 had a much better discriminating power, being recommended as a principal indicator of heterogeneity.
Results and discussion
Based on the moment ratio diagram (MRD) the heterogeneity of the semi-arid region of Brazil was ascertained. This tool provides a visual comparison of sample estimates to population values of L-moments (Stedinger et al. 1993) . Figure 3 shows the relation between sample estimates of L-C v and sample estimates of L-C s computed from the records of precipitation at the 290 stations in the semi-arid region. As the distribution of L-moments is around the mean, the semi-arid region cannot be considered as a homogeneous region. Thus, the cluster analysis (Ward's agglomerative clustering) was applied to identify homogeneous regions in the semi-arid region of Brazil.
According to Mosley (1981) , cluster analysis does not entirely eliminate subjective decisions, but greatly facilitates interpretation of a dataset. In order to facilitate this interpretation, the cluster groups resulting from simulations based on rainfall data, were represented on the map of annual average precipitation across the semi-arid region of Brazil for the period 1993-2002. For simulations based on the water balance data, cluster groups were represented on the map of annual water balance across the semi-arid region for the same period. Results for all simulations are presented in maps for the cluster level of 7 which was selected among different simulations, once it seemed to have more compact and reasonable solutions. These results are shown in the following section. Figure 4 shows cluster groups resulting from simulations based on rainfall and water balance variables.
Cluster results of simulation with rainfall and water balance data and geographical information
Using only the precipitation variable, there is a concentration of stations in group 6 in the central area of the semi-arid region where smaller amounts of rainfall occur, reaching 445 mm year −1 . The other groupings formed do not permit to identify homogeneous regions that represent the spatial variation of rainfall across the semi-arid region. It is observed that there is a reduction in the total annual rainfall towards the interior of the semi-arid region. However, there is an increase in precipitation (reaching 1099 mm year small area in the interior. In this area specific microclimates occur, resulting from the presence of ridges and mountains. The highest rainfall occurs in the northern semi-arid part, reaching 1218 mm year −1 . A similar behaviour is observed in the grouping based on water balance, where only in the area with a higher water deficit is there a greater concentration of stations in group 5. Thus, using only the water balance variable, it is also not possible to represent the variability of water balance across the semi-arid region. As ETo expresses the evaporating power of the atmosphere and does not consider the crop characteristics and soil factors, only climatic parameters affect ETo.
Then, it is possible in some localities, especially in arid and semi-arid regions, that the reference evapotranspiration exceeds precipitation. This occurs throughout the semi-arid region of Brazil, with the largest deficit being in the central area where the reference evapotranspiration can be up to 1112 mm year −1 higher than precipitation. Even with the incorporation of the latitude variable, it is not possible to improve the definition of homogeneous regions with the application of cluster analysis (Fig. 5) . Only in the region with greater water scarcity does it occur that there is a higher concentration of stations in the same group. Similar results are also observed when considering the longitude. 3.2 Cluster results of simulation with C s , C k and the linear combination of these variables and geographical information Figure 6 shows cluster groups resulting from simulations based on C s and from a linear combination of C s and C k , estimated from monthly precipitation. The use of C s did not permit to define the homogeneous regions that represent the spatial behaviour of rainfall, even considering a linear combination of C s and C k . Similar results were also observed when considering only C k as well as with using C s and C k estimates based on water balance.
Although the simulations with the latitude variable have permitted a better improvement in the resulting clusters (Fig. 7) , it was still not possible to represent the variability of precipitation across the semi-arid region. It is observed in the clusters formed, based on C s , that in the central region of the semi-arid region, where less precipitation occurs, stations of groups 5 and 6 are concentrated, which is also observed in other areas of the semi-arid region with higher precipitation. The groups formed from the linear combination of C s and C k (Fig. 7(b) ) plus latitude as well as of C k plus latitude did not allow better results than the use of only C s . The consideration of the longitude variable also resulted in groupings with Figure 6 . Grouping of gauge stations indicated by cluster analysis using (a) C s(P) (coefficient of skewness) for monthly precipitation and (b) linear combination of C s(P) + C k(P) (coefficient of kurtosis) for monthly precipitation. Figure 7 . Grouping of gauge stations indicated by cluster analysis using (a) C s(P) + latitude and (b) linear combination (LC) of (C s(P) + C k(P) ) + latitude.
worse representation of the variability of precipitation. Similar results are also observed when considering the water balance.
3.3 Cluster analysis results of entropy-based DI and of geographical information 3.3.1 Entropy-based spatial distribution of DI Entropy values were derived for monthly precipitation and monthly water balance data. Figure 8 presents the spatial distribution of entropy based DI (DI) to ascertain the variability in precipitation and water balance patterns across the study region.
The maximum value of entropy corresponds to a scenario of uniform probability distribution (Mishra et al. 2009 ) of precipitation or water balance records. In this study the maximum value of entropy is 3 bits (H max = Log 2 8), i.e. all 8 bins have the same probability, and as a consequence the maximum DI is 0 (H max -H max ). As for any other entropy value, H < H max , and therefore the corresponding DI increases as the distribution departs from the uniform scenario.
There is a bigger disorderliness associated with the distribution of precipitation and water balance within a year. High values of DI occur in drier regions, as observed by Sohoulande Djebou et al. (2014) and Mishra et al. (2009) , which indicates that the availability of water resources is low and should be used within the constraints (Mishra et al. 2009) .
Even in the north of the semi-arid region, where the greatest precipitation occurs, high values of DI are observed at many sites. This can be explained by high seasonal variability of precipitation, since the variability in seasonal precipitation characteristics increases the entropy value (Sohoulande Djebou et al. 2014 ). This variability is represented by mean monthly rainfall at station 340102, located in the northern part of the semi-arid region (Fig. 9) .
Approximately, 93% of annual precipitation (997.4 mm year −1 ) occurs in January to May, and 54% of the total annual occurs in March and April. In the months of July, August and November, less than 1% of total annual occurs, and September and October do not have precipitation.
While in the central part of the semi-arid region, where total annual precipitation is smaller, the monthly rainfall variability is less pronounced, as shown by Fig. 10 . About 81% of the total annual precipitation (443.9 mm year −1 ) occurs in January to April and in December, with March having the highest rainfall (25% of the total annual precipitation). Figure 11 shows cluster groups resulting from simulations based on DI for precipitation (DI(P)) and water balance (DI(WB)).
Approach based on cluster analysis
The use of DI, estimated from rainfall data and water balance, did not permit the definition of homogeneous regions that represent the spatial behaviour of rainfall or water balance.
The simulation with the latitude variable and the DI for precipitation (Fig. 12(a) ) permitted a better improvement in the resulting clusters so that the delineation of homogeneous regions represents the variability of rainfall across the semiarid region. Although the definition of homogeneous regions has also shown an improvement when we used DI for water balance plus latitude (Fig. 12(b) ), the representation of the variability of water balance across the region was less accurate than the representation of precipitation resulting from the simulation based on DI for precipitation plus latitude. When groupings are formed based on precipitation, only stations of group 4 are observed in the central part of the semi-arid region, where small amounts of precipitation occur, while groupings performed based on water balance, stations of groups 3, 4 and 5, are observed in the area with higher water deficit.
The incorporation of longitude in the simulation, based on DI (estimate based on rainfall and water balance data) and latitude, besides increasing one variable for the definition of homogeneous regions, resulted in groupings with worse representation of the variability of precipitation and water balance (Fig. 13) . In the area of less precipitation, there are stations of groups 3 and 4, and in the area of higher water deficit, there are stations of groups 4 and 5.
Final groups
Once the regions were formed, the next step was to check for their meaningfulness, which was performed using the L-moments-based heterogeneity test proposed by Hosking and Wallis (1997) . To improve the homogeneity of a region, the discordant sites within each region were identified by computing a discordance measure. Any station that had a discordant measure value of more than three was shifted to another region, provided the other region remained homogeneous even after the transfer. The refinement of the allocation of stations in the regions was based on FCM algorithm which evaluated the fraction memberships of the regions. Therefore, the station was moved into the next region with which it had the next highest membership. If the aforementioned condition was not satisfied, a site could not be allocated to any other region, and hence it would be eliminated. Table 2 shows the heterogeneity measures for the regions after elimination or shifting of discordant sites. A total of seven regions were formed. From Table 2 , it can be seen that the heterogeneity measures, H 1 and H 2, given by Hosking and Wallis (1997) , were less than 1 in all regions, and hence the regions can be considered to be acceptably homogeneous. However, according to the H 2 criterion, region 3 is as possibly homogeneous, even after adjustments based on FCM. Figure 14 shows the spatial domains resulting from the cluster analysis performed.
The highest precipitation in the semi-arid area is in region 1, where the precipitation ranges between 700-1218 mm year −1 , with the average precipitation being 967 mm year −1 . The precipitation decreases towards the central area, with an average rainfall of 673 mm year −1 in region 2, and 686 mm year −1 in region 3. Due to the presence of ridges and mountains in the centre of region 2, there is an increase of precipitation at this location. Therefore, this homogeneous region has the highest variation of precipitation, from 559 to 1099 mm year −1 . In region 3, the variation is 511-948 mm year −1 . Region 4 is the most critical zone, where the lowest precipitation occurs, 516 mm year −1 (in the range 445 mm year −1 to 607 mm year
−1
). The precipitation increases again towards the southern part, with the average precipitation in region 5 being equal to 671 mm year −1 (in the range 546-785 mm year −1 ); equal to 733 mm year −1 (in the range of 577-839 mm year 
Conclusions
Due to limited information on climatic parameters in the semi-arid region of Brazil, the definition of hydrologically homogeneous regions may be compromised, i.e. not representing the variability of these parameters across the region. Although the variability of precipitation and water balance (precipitation -reference evapotranspiration) is evident in the semi-arid region, the use of these variables did not permit the identification of homogeneous regions in the area. Even the analysis performed with these variables plus geographical information about rain gauges (latitude and longitude) did not allow for a good performance in identifying these regions, even with the use of the coefficient of skewness, coefficient of kurtosis and the linear combination of both.
When the grouping was based only on the DI using precipitation data, it also did not represent the variability of rainfall in the region. The same occurred with the use of DI based on water balance.
The use of the latitude variable along with the DI (for precipitation or water balance) allowed for a better identification of homogeneous regions, representing the variability of precipitation and the water balance in the semi-arid region. The spatial variability of rainfall was best represented by the grouping resulting from the use of DI for precipitation plus latitude, than when we performed the cluster analysis based on water balance.
With the incorporation of the longitude variable, the identification of these regions deteriorated. Thus, with the combination of variables, DI for precipitation and latitude, it was possible to define homogeneous regions in the Brazilian semiarid region. The results showed that seven clusters were acceptably homogeneous. This will permit new measures for water management, considering the characteristics of each location in the semi-arid region.
